Abstract: Social media activity has become an important component of daily life for many people. Messages from Twitter (US) and Weibo (China) have shown their potential as important data sources for detecting and analyzing infectious diseases. Such emerging and dynamic new data sources allow us to predict how infectious diseases develop and evolve both spatially and temporally. We report the dynamics of dengue fever in China using messages from Weibo. We first extract and construct a list of keywords related to dengue fever in order to analyze how frequently these words appear in Weibo messages based on the Latent Dirichlet Allocation (LDA). Spatial analysis is then applied to detect how dengue fever cases cluster spatially and spread over time.
Introduction
Since 2013, 2.35 million cases of dengue fever have been reported in the Americas, and 37,687 of these dengue fever cases were considered to be severe [1] . Identifying the geographical ranges helps the public understand the risk posed by infectious disease outbreaks [2] . Early detection of disease activity, followed by a rapid response, can largely reduce the impact of both seasonal and pandemic influenza [3] . Social media analytics enable the possibility of infectious disease surveillance at a fine scale and in a timely manner [2] . Progress in the areas of geospatial analytics has led to increased intelligence in investigating the outbreak, transmission, and treatment of diseases at both local and global scales. Furthermore, geospatial services and sensor apps affect people's daily behavior and lifestyle [4] .
The geographical context of health research has shifted from a data-scarce to a data-rich environment [5] . Social media websites such as Twitter (US) and Weibo (China) serve as platforms for both sharing and communicating information. The widespread application of mobile smart devices has facilitated social media usage because most micro-blog users update information in their social media using mobile devices. Social media messages contain new ideas and report events in real time [6] . The large spatiotemporal data in Weibo represents a goldmine to understand and model various social phenomena across spaces. For example, a web-enabled Geo-Twitter analytics system can be used to conduct crisis management based on place, time, and concept [7] . Based on the location of the tweets, obesity patterns have been mapped in a GIS environment [8] . Social media can also be used to assess the effects of natural disasters, such as post-earthquake microblogging [9] and real-time earthquake detection [10] .
1.
To explore the spatiotemporal relationship between the evolution of dengue fever and related Weibo posts; and 2.
To model the spread of the dengue fever in space and time.
The methods used for data acquisition and topic extraction are introduced in the following section. Both temporal and spatial trends of Weibo messages are presented. Then, we explore the relationship between social media and disease outbreaks based on the detection of the 2014 dengue outbreak. Finally, a summary is provided, as well as descriptions of the limitations of this study and the future work that should be undertaken.
Data Collection and Methods

Data Collection
Weibo is a microblogging website with the largest user group in China, and it is regarded as an equivalent version of Twitter in the USA. By December 2013, the number of monthly active users had reached 129.1 million, with 61.4 recorded daily active users. Users sent more than 2.8 billion posts in December 2013. Weibo provides a series of API (application programming interface) for developers, which is very similar to the Twitter stream API. Because only a small portion of data can be collected through the official API provided by Weibo, it has caused a challenge with regard to data limitation. Hence, a web crawler has been developed to collect data from Weibo to obtain a more complete dataset, along with the official API ( Figure 1 ).
The developed web crawler functions in the following manner: First, Weibo provides several search pages to inquire about posts based on the post content, location, timing, and user id. The pages return the number of records (up to 1000 posts) that meet the search criteria. With the crawler, posts can be collected based on keywords, timing, and location.
In addition, because the Weibo API does not provide an interface to obtain Weibo text based on specified keywords, we used the crawler to send the request to the Weibo servers for data acquisition. The items extracted included the Weibo ID, text, post time, user ID, and location information. The posts only contained the place name, instead of the actual geographical coordinates in latitude and longitude. The traditional method used to obtain more detailed data was to convert place names to coordinates by geocoding. Due to the ambiguity and typographical errors made in many place names, we were unable to obtain coordinates in many cases. Thus, we used a Weibo API to send a request to the Weibo servers with the Weibo ID in order to retrieve the actual location of the Weibo post. Then, a post can be described as a six-tuple Weibo entry (weiboid, text, post-time, userid, area, and location). posts only contained the place name, instead of the actual geographical coordinates in latitude and longitude. The traditional method used to obtain more detailed data was to convert place names to coordinates by geocoding. Due to the ambiguity and typographical errors made in many place names, we were unable to obtain coordinates in many cases. Thus, we used a Weibo API to send a request to the Weibo servers with the Weibo ID in order to retrieve the actual location of the Weibo post. Then, a post can be described as a six-tuple Weibo entry (weiboid, text, post-time, userid, area, and location). Our data collection provided us with two different datasets across spatial scales covering Guangdong province, as well as the entirety of China for later analysis. To be conservative, we used "dengue" as the only search keyword for crawling. Because the original posts in social media more accurately reflect the social dynamics [24] , we extracted 23,144 original Weibo posts as Dataset 1 based on the keyword "dengue" ("登革热" in Chinese) from 1 June 2014 to 28 October 2014 in Guangdong province, China.
The area and location attributes were used to describe the geographic location of posts. However, due to privacy protection and device limitations, the locations of most posts were not disclosed. As Figure 2 shows, there were only 1910 georeferenced "dengue"-related posts collected as Dataset 2 in Guangdong province. The location used in our search condition is the place where the posts were sent rather than the location illustrated by the user profiles. According to our observations, the Chinese character "de" ("的" in Chinese) was uniformly distributed in our collected sample posts with an appearance rate of 46.4%. In order to observe the trends in dengue fever in a larger area and a wider time period, another dataset (Dataset 3) was collected by the crawler for posts made from 1 June 2014 to 2 November 2014. Every record in the dataset contained the number of posts including "de", the number of posts related to the "dengue" keyword, the time stamp (in terms of the day), and the location (province) where the post was sent. To estimate the trends in one day, the posts related to "dengue" (Dataset 4) were collected by hour in Guangdong province for 22 September 2014. We also collected the data about officially-reported new dengue cases (Dataset 5) in Guangdong province on 22 September 2014 (Table 1 ). Our data collection provided us with two different datasets across spatial scales covering Guangdong province, as well as the entirety of China for later analysis. To be conservative, we used "dengue" as the only search keyword for crawling. Because the original posts in social media more accurately reflect the social dynamics [24] , we extracted 23,144 original Weibo posts as Dataset 1 based on the keyword "dengue" ("登革热" in Chinese) from 1 June 2014 to 28 October 2014 in Guangdong province, China.
The area and location attributes were used to describe the geographic location of posts. However, due to privacy protection and device limitations, the locations of most posts were not disclosed. As Figure 2 shows, there were only 1910 georeferenced "dengue"-related posts collected as Dataset 2 in Guangdong province. The location used in our search condition is the place where the posts were sent rather than the location illustrated by the user profiles. According to our observations, the Chinese character "de" ("的" in Chinese) was uniformly distributed in our collected sample posts with an appearance rate of 46.4%. In order to observe the trends in dengue fever in a larger area and a wider time period, another dataset (Dataset 3) was collected by the crawler for posts made from 1 June 2014 to 2 November 2014. Every record in the dataset contained the number of posts including "de", the number of posts related to the "dengue" keyword, the time stamp (in terms of the day), and the location (province) where the post was sent. To estimate the trends in one day, the posts related to "dengue" (Dataset 4) were collected by hour in Guangdong province for 22 September 2014. We also collected the data about officially-reported new dengue cases (Dataset 5) in Guangdong province on 22 September 2014 (Table 1) . 
Topics in Posts
Latent Dirichlet allocation (LDA) [25] is a generative probabilistic model of a corpus. The basic idea is that documents are represented as random mixtures over latent topics, where each topic is characterized by a distribution over words. It has been used to recommend tags for resources [26] and to assign the annotation of large satellite images [27] . This paper used a LDA model to mine the relevant topics and to explore the contents related to public health. A topic contains a series of words and the associated probabilities belonging to that topic. A LDA model also generates a topic distribution for every document.
We first extracted posts from the database and saved each post as a document. LDA was implemented in Java using Gibbs sampling [28] . The dimensionality (k) of the Dirichlet distribution (and the dimensionality of the topic variable n) was assumed to be known and fixed. The word probabilities were parameterized by α and β, where α was the parameter of the Dirichlet prior to the per-document topic distributions and β was the parameter of the Dirichlet prior to the per-topic word distribution. Given the nature of our study being related to "dengue", the number of topics was usually less than 10. In order to extract all the possible topics at the initial stage, in this experiment we set k, the number of topics to extract, as 20. We used symmetrical Dirichlet priors in the LDA estimation as α = 50/K and β = 0.01, which are common settings suggested in many publications.
We then examined the extracted 20 topics and merged similar topics. Finally, the topics were classified into five categories, which were "prevention", "detection", "fear", "symptoms", and "care". Topics and words with probabilities for each topic are shown in Table 2 . 
We then examined the extracted 20 topics and merged similar topics. Finally, the topics were classified into five categories, which were "prevention", "detection", "fear", "symptoms", and "care". Topics and words with probabilities for each topic are shown in Table 2 . With the five generic topics derived using the LDA, we categorized each Weibo post related to "dengue" into a certain topic. In LDA, each document was treated as a distribution of various ISPRS Int. J. Geo-Inf. 2016, 5, 156 6 of 17 topics. We classified documents using the maximum probability topic based on a trained LDA model. As shown in Table 3 , most public concerns were related to the prevention and detection of dengue. 
Kalman Filter
There are biases and flaws in social media data [29] , which are due to unexpected events or other external factors, such as media reports. The event of a dengue outbreak should also take the impact of daily work, as well as life and the incubation period of the disease into consideration. To account for such factors and prepare for further detection of dengue fever, we attempted to reduce the impact of this 'noise'.
Digital filtering is a technique that performs mathematical operations on sampled data to reduce or enhance certain aspects of the data in order to produce estimates that tend to be more precise. Kalman filtering, also known as linear quadratic estimation (LQE), is an algorithm to estimate the state of a dynamic system given that the variance is known. Kalman filtering is widely used in many fields such as communication, navigation, guidance. and control.
Kalman filtering can be illustrated using a linear stochastic difference equation as follows [30] :
With a systematic measurement value as follows:
In the formula, X(k) is the system state at timestamp k, while U(k) is the control amount towards the system at timestamp k. A and B are system parameters as a matrix in the multi-model system. Z(k) is the measured amount for timestamp k. H, as another matrix in the multi-measure system, is a parameter in the measurement system. W(k) and V(k) are types of noise within the process and measurement, respectively, under the assumption of white Gaussian noise.
Spatial Analysis of Dengue Fever
The Chinese Center for Disease Control and Prevention publishes monthly disease reports [31] . The report showed that there were 14,759 cases of dengue fever in September 2014 in China. According to the Guangdong Health Department report, there were 9282 new cases of dengue fever from 22 September 2014 to 31 September 2014. Guangdong province was most impacted by the dengue fever outbreaks in 2014. Hence, Guangdong province was chosen as the representative area in our study.
Distribution in Guangdong Province
Starting from 22 September 2014, the Guangdong Health Department began to publish a daily city-level report about dengue disease. Both datasets, the Weibo posts about the dengue fever and the number of dengue fever cases from the official data were counted for each city. The percentages of reported dengue disease and the number of posts were compared in Figure 3 . To further investigate the geographical distribution of posts from Weibo about "dengue" in Guangdong province, we performed a kernel density estimation in ArcGIS aiming to identify the hot spot of the posts (Figure 4 ). Figure 4 provides a glimpse of the spatial distribution, showing that the center of the dengue epidemic was located in Guangzhou and Foshan. The distribution was a good match with the level of the epidemic in Guangdong province reported from the official channel, as Guangzhou and Foshan were the most affected cities according to the official dengue epidemic report. In addition, the degree of infection tended to decrease way from the epidemic center. This phenomenon was consistent with the law of infectious disease outbreaks as well as with a reflection of Tobler's First Law of Geography. Moreover, with a close investigation, the posts in Weibo provided a finer epidemic distribution than the official report at both regional and local scales.
Distribution in China
There is no doubt that dengue fever in China will not be evenly distributed. On 22 September 2014, various media reported that there was dengue fever in China, and they raised awareness about To further investigate the geographical distribution of posts from Weibo about "dengue" in Guangdong province, we performed a kernel density estimation in ArcGIS aiming to identify the hot spot of the posts (Figure 4) . To further investigate the geographical distribution of posts from Weibo about "dengue" in Guangdong province, we performed a kernel density estimation in ArcGIS aiming to identify the hot spot of the posts (Figure 4 ). Figure 4 provides a glimpse of the spatial distribution, showing that the center of the dengue epidemic was located in Guangzhou and Foshan. The distribution was a good match with the level of the epidemic in Guangdong province reported from the official channel, as Guangzhou and Foshan were the most affected cities according to the official dengue epidemic report. In addition, the degree of infection tended to decrease way from the epidemic center. This phenomenon was consistent with the law of infectious disease outbreaks as well as with a reflection of Tobler's First Law of Geography. Moreover, with a close investigation, the posts in Weibo provided a finer epidemic distribution than the official report at both regional and local scales.
There is no doubt that dengue fever in China will not be evenly distributed. On 22 September 2014, various media reported that there was dengue fever in China, and they raised awareness about Figure 4 provides a glimpse of the spatial distribution, showing that the center of the dengue epidemic was located in Guangzhou and Foshan. The distribution was a good match with the level of the epidemic in Guangdong province reported from the official channel, as Guangzhou and Foshan were the most affected cities according to the official dengue epidemic report. In addition, the degree of infection tended to decrease way from the epidemic center. This phenomenon was consistent with the law of infectious disease outbreaks as well as with a reflection of Tobler's First Law of Geography. Moreover, with a close investigation, the posts in Weibo provided a finer epidemic distribution than the official report at both regional and local scales.
There is no doubt that dengue fever in China will not be evenly distributed. On 22 September 2014, various media reported that there was dengue fever in China, and they raised awareness about this disease. On the same day, there were 1044 original posts that appeared on Weibo that included the word "dengue". Compared with the 625 posts containing the word on the day before, this was a large increase. The distributions in 32 provinces are shown in Figure 5 . Guangdong province accounted for more than 50% of the total Weibo posts containing the word "dengue" (Figure 5 ). this disease. On the same day, there were 1044 original posts that appeared on Weibo that included the word "dengue". Compared with the 625 posts containing the word on the day before, this was a large increase. The distributions in 32 provinces are shown in Figure 5 . Guangdong province accounted for more than 50% of the total Weibo posts containing the word "dengue" (Figure 5 ). An interesting finding is that Henan province had the second highest number of posts. One possible explanation is that many of the people comprising the floating population in Guangdong province were from Henan province. As the capital of China, Beijing also had a large number of posts regarding this topic. Beijing was ranked third for the distribution of posts in China, while Fujian province was ranked fourth among all of the provinces in China. This could be attributed to that fact that Fujian province is geographically close to Guangdong province and that these two areas have similar climate and environment.
Temporal Analysis of Dengue Fever
Compared to the official report, the posts related to dengue fever were more capable of capturing the real-time signs of events. Therefore, monitoring Weibo posts provides a new method for estimating and detecting the temporal patterns of epidemics. Dengue fever is an infectious disease that has latent, outbreak, and recovery phases in its diffusion process [32] . Our paper aimed to explore the relationship between the Weibo posts in the virtual world and the dengue cases that were identified in the real world.
Distribution on Specific Days
Guangdong Health Department published daily reports about the dengue epidemic during the period from 22 September 2014 to 30 October 2014. During the same time period, we also collected posts related to dengue fever within Guangzhou. Our first analysis was performed to compare the Weibo post data with the official reported data, therefore an ANOVA correlation study was carried out for the two groups of data after they were normalized on a Log scale. The 2-tailed Pearson correlation value was 0.679 at a significance level of 0.0001, which showed that the number of posts and the number of new cases were significantly correlated on these days. To validate the results, a visual exploratory comparison was performed, and the results are shown in Figure 6 . Figure 6 shows that although the local government had been closely monitoring the disease to prevent infection and improve treatment from 22 September, the number of infected people continued to increase. This finding is consistent with the incubation period of dengue fever, which is 4-7 (with a range of 3-14) days [33] . The overall infection curve first increased and then decreased.
In summary, the trends in public attention on the Weibo had similar curves to the numbers of infected people, but they were not strongly correlated. There were two possible reasons for this finding. (1) The user attention on Weibo was very sensitive to dengue outbreaks. Especially when infections were found, the public concern rates would quickly reach the top and then gradually decrease. In this case, the highest rate of concern was more than 10 times the average value of concern; (2) The public concerns about an event were affected by various media. In this case, after many media An interesting finding is that Henan province had the second highest number of posts. One possible explanation is that many of the people comprising the floating population in Guangdong province were from Henan province. As the capital of China, Beijing also had a large number of posts regarding this topic. Beijing was ranked third for the distribution of posts in China, while Fujian province was ranked fourth among all of the provinces in China. This could be attributed to that fact that Fujian province is geographically close to Guangdong province and that these two areas have similar climate and environment.
Temporal Analysis of Dengue Fever
Distribution on Specific Days
In summary, the trends in public attention on the Weibo had similar curves to the numbers of infected people, but they were not strongly correlated. There were two possible reasons for this finding.
(1) The user attention on Weibo was very sensitive to dengue outbreaks. Especially when infections were found, the public concern rates would quickly reach the top and then gradually decrease. In this case, the highest rate of concern was more than 10 times the average value of concern; (2) The public concerns about an event were affected by various media. In this case, after many media widely reported dengue fever on 26 September, the concern of the public hit a peak as a response to these reports. Due to the enormous human mobility during the National Day Golden Week, more users had a chance to come in contact with virus carriers or potential patients. The public media began to report more infected cases during the holiday from 1 to 7 October 2014. Both factors promoted the number of posts to peak on 9 October. Obviously people had a certain understanding for dengue, so there were fewer public concerns on 9 October compared with 26 September. widely reported dengue fever on 26 September, the concern of the public hit a peak as a response to these reports. Due to the enormous human mobility during the National Day Golden Week, more users had a chance to come in contact with virus carriers or potential patients. The public media began to report more infected cases during the holiday from 1 to 7 October 2014. Both factors promoted the number of posts to peak on 9 October. Obviously people had a certain understanding for dengue, so there were fewer public concerns on 9 October compared with 26 September. 
The Effect of the Day of the Week
The numbers of new infections in Guangdong province were classified into three groups, which were posted on a weekend (which included holidays), the first day of the week, and other weekdays. We also used the same classification for the numbers of posts in Weibo. The former classification is shown in Figure 7a , and the latter is shown in Figure 7b . In addition, the rates of concern on weekdays did not show large fluctuations. The daily activities of the population were closely constrained by their occupations. Although most hospitals offered sevenday services, the capacity of the services varied. In addition, people needed to coordinate their 
The numbers of new infections in Guangdong province were classified into three groups, which were posted on a weekend (which included holidays), the first day of the week, and other weekdays. We also used the same classification for the numbers of posts in Weibo. The former classification is shown in Figure 7a , and the latter is shown in Figure 7b . widely reported dengue fever on 26 September, the concern of the public hit a peak as a response to these reports. Due to the enormous human mobility during the National Day Golden Week, more users had a chance to come in contact with virus carriers or potential patients. The public media began to report more infected cases during the holiday from 1 to 7 October 2014. Both factors promoted the number of posts to peak on 9 October. Obviously people had a certain understanding for dengue, so there were fewer public concerns on 9 October compared with 26 September. 
The numbers of new infections in Guangdong province were classified into three groups, which were posted on a weekend (which included holidays), the first day of the week, and other weekdays. We also used the same classification for the numbers of posts in Weibo. The former classification is shown in Figure 7a , and the latter is shown in Figure 7b . In addition, the rates of concern on weekdays did not show large fluctuations. The daily activities of the population were closely constrained by their occupations. Although most hospitals offered sevenday services, the capacity of the services varied. In addition, people needed to coordinate their In addition, the rates of concern on weekdays did not show large fluctuations. The daily activities of the population were closely constrained by their occupations. Although most hospitals offered seven-day services, the capacity of the services varied. In addition, people needed to coordinate their hospital visits with their schedules. Therefore, people were more inclined to go to the hospital during working hours for non-emergency diseases such as dengue fever, which partially explained the overwhelming increase in numbers observed on Mondays as a result of the accumulation of cases over the weekend. People tended to have more time during the weekend to post information on the Weibo platform compared to the busy weekdays. This explained why the number of posts related to dengue from Weibo increased over the weekend.
Distribution on a Single Day
On a finer temporal scale, we can observe the variation of dengue-related posts during the 24 h within a day. Since the total number of Weibo posts cannot be solicited in a daily manner, we developed a metric to estimate the population size. Because the Chinese character "de" has a very high frequency in the posts, we compared the frequencies of posts with the keyword "de" (the frequent word) with those with the keyword "dengue". Figure 8 reveals the hour-by-hour distribution of Weibo posts within a single day (22 September 2014) . The two temporal distributions of posts, "de" versus "dengue", were correlated to some extent. The dengue-related posts reached a peak in the morning time slot from 11 am to 12 noon, which is believed to be consistent with the release of disease testing reports at most hospitals. hospital visits with their schedules. Therefore, people were more inclined to go to the hospital during working hours for non-emergency diseases such as dengue fever, which partially explained the overwhelming increase in numbers observed on Mondays as a result of the accumulation of cases over the weekend. People tended to have more time during the weekend to post information on the Weibo platform compared to the busy weekdays. This explained why the number of posts related to dengue from Weibo increased over the weekend.
On a finer temporal scale, we can observe the variation of dengue-related posts during the 24 h within a day. Since the total number of Weibo posts cannot be solicited in a daily manner, we developed a metric to estimate the population size. Because the Chinese character "de" has a very high frequency in the posts, we compared the frequencies of posts with the keyword "de" (the frequent word) with those with the keyword "dengue". Figure 8 reveals the hour-by-hour distribution of Weibo posts within a single day (22 September 2014). The two temporal distributions of posts, "de" versus "dengue", were correlated to some extent. The dengue-related posts reached a peak in the morning time slot from 11 am to 12 noon, which is believed to be consistent with the release of disease testing reports at most hospitals. 
Noise Canceling and Prediction Based on Kalman Filtering
One can argue, based on Figure 9 , that the initial phase showed a large number of Weibo posts, and at the same time, an increasing number of new cases. In the middle phase, the number of new cases was relatively stable, while there was a slight decline in the number of Weibo posts. During the later phase, both the number of Weibo posts and the number of new cases declined, and the former declined slightly more rapidly than the latter. 
One can argue, based on Figure 9 , that the initial phase showed a large number of Weibo posts, and at the same time, an increasing number of new cases. In the middle phase, the number of new cases was relatively stable, while there was a slight decline in the number of Weibo posts. During the later phase, both the number of Weibo posts and the number of new cases declined, and the former declined slightly more rapidly than the latter. Figure 10 presents the number of posts related to dengue from Weibo on different dates after applying Kalman filter. As seen in the figure, the temporal distribution of the number of dengue Weibo posts in Guangdong province showed a similar trend as the national distribution. The temporal curve for Guangdong province demonstrated two palpable fluctuations on 14 June and 2 July. The latter coincided with the first confirmed case in Guangdong province, which provides strong evidence of the detection of a dengue fever case. The former discernable peak was 17 days ahead of the confirmed case and also provides an effective warning to watch out for the disease. The national temporal curve shows that discussions about dengue were detected in early June, suggesting that the first case of dengue was not in Guangdong province. This finding is consistent with the report from the Chinese Center for Disease Control and Prevention. 
Spatiotemporal Pattern of Dengue Fever
The Chinese Center for Disease Control and Prevention disseminated the information about the outbreak of various epidemic diseases. In addition, due to the large-scale outbreak of dengue fever, the Guangdong Disease Prevention Center also announced daily information from 22 September 2014 to 30 October 2014. However, the official information about dengue was not disclosed in other provinces. Therefore, it was difficult to monitor the dissemination process and pattern of dengue fever in China, due to the lack of effective data support from official channels for comparison and verification purposes. Weibo posts provided a partial solution to monitor dengue fever through detecting multiple stages of an infectious disease: infection, incubation, outbreak, and recovery. Based on the analysis of posts from Weibo, the dengue fever outbreak could be explored across space and over time.
Epidemic Diffusion Process
Based on the second dataset collected by provinces and weeks, we explored the diffusion of dengue fever in China. Kalman filtering was used to cancel the noise. We mapped the dengue epidemic in China and presented the process of infectious diffusion as four stages.
The first stage was the dengue infection phase from Week 1 of our observation timeline to Week 12. At this stage, a small number of dengue patients began to appear in some provinces. As shown in Figure 11a , these cases were mainly reported in Guangdong province (GD) and Zhejiang province (ZJ) as well as few epidemic observations in Beijing (BJ).
This was followed by an incubation period from Week 13 to Week 15, with the gradual emergence of dengue patients in several other provinces. As shown in Figure 11b , most patients were in the incubation period of the dengue infection during this time period.
As shown in Figure 11c , the third stage was the outbreak phase, which lasted from Week 16 to Week 18. Within this stage, dengue disease rapidly spread out in the country, with Guangdong 
Spatiotemporal Pattern of Dengue Fever
Epidemic Diffusion Process
The first stage was the dengue infection phase from Week 1 of our observation timeline to Week 12. At this stage, a small number of dengue patients began to appear in some provinces. As shown in Figure 11a , these cases were mainly reported in Guangdong province (GD) and Zhejiang province (ZJ) as well as few epidemic observations in Beijing (BJ). Guangdong province, and the official disease center started to disclose new cases to the public in a daily manner starting from the first Monday of Week 16. This stage was followed by the recovery stage from Week 19 to Week 22. This stage is shown in Figure 11d . The number of new cases of dengue fever gradually decreased as the number of cured patients increased day by day. It can also be noted from the figure that the public attention decreased.
Spatial Pattern
The spatial distribution of the infections presented two patterns. First, the diffusion of the disease in Guangdong province primarily occurred in areas around the Guangzhou and Foshan districts. In addition, due to the high chances of encountering the contagion in major metropolitan regions in China, Beijing and Shanghai were also core areas of infection. However, the epidemic situation was effectively controlled in these two areas at an early stage, which was attributed to the better health infrastructure as well as the high degree of urbanization. In order to study the spatial transmission pattern in China, we selected Week 17 as a sample dataset, which was during the outbreak stage of the dengue epidemic. We used Moran's I to examine whether there existed a spatial autocorrelation as another angle to understand the spatial transmission of dengue. GeoDa software package, an exploratory spatial data analysis tool, was used This was followed by an incubation period from Week 13 to Week 15, with the gradual emergence of dengue patients in several other provinces. As shown in Figure 11b , most patients were in the incubation period of the dengue infection during this time period.
As shown in Figure 11c , the third stage was the outbreak phase, which lasted from Week 16 to Week 18. Within this stage, dengue disease rapidly spread out in the country, with Guangdong province and Beijing being the hot spots. The daily numbers of infected patients reached a peak in Guangdong province, and the official disease center started to disclose new cases to the public in a daily manner starting from the first Monday of Week 16.
This stage was followed by the recovery stage from Week 19 to Week 22. This stage is shown in Figure 11d . The number of new cases of dengue fever gradually decreased as the number of cured patients increased day by day. It can also be noted from the figure that the public attention decreased.
The spatial distribution of the infections presented two patterns. First, the diffusion of the disease in Guangdong province primarily occurred in areas around the Guangzhou and Foshan districts. In addition, due to the high chances of encountering the contagion in major metropolitan regions in China, Beijing and Shanghai were also core areas of infection. However, the epidemic situation was effectively controlled in these two areas at an early stage, which was attributed to the better health infrastructure as well as the high degree of urbanization.
In order to study the spatial transmission pattern in China, we selected Week 17 as a sample dataset, which was during the outbreak stage of the dengue epidemic. We used Moran's I to examine whether there existed a spatial autocorrelation as another angle to understand the spatial transmission of dengue. GeoDa software package, an exploratory spatial data analysis tool, was used to run the analysis and the results are presented in Figure 12 . In the figure, the spatial weighted matrix was built based on the provinces' adjacency, and the number of posts related to dengue standardized by population was set as the attribute. Moran's I indicator was −0.12 at the significance level of 0.012, indicating that there was a moderate degree of negative spatial dependency in local regions. The spatial autocorrelation map showed that there were spatial clusters, mostly in the northwest area, as well as in the eastern coastal zone. Guangdong province, which was one of the high outbreak regions, did not appear to have a positive dependence effect on its neighboring province, while Fujian province and Jiangxi province, adjacent to Guangdong province, appeared to have a low-high spatial interaction with their neighboring areas. The analysis using Moran's I was in agreement with the results of our previous findings of the epidemic process.
The spatial distribution of the infections presented two patterns. First, the diffusion of the disease in Guangdong province primarily occurred in areas around the Guangzhou and Foshan districts. In addition, due to the high chances of encountering the contagion in major metropolitan regions in China, Beijing and Shanghai were also core areas of infection. However, the epidemic situation was effectively controlled in these two areas at an early stage, which was attributed to the better health infrastructure as well as the high degree of urbanization. In order to study the spatial transmission pattern in China, we selected Week 17 as a sample dataset, which was during the outbreak stage of the dengue epidemic. We used Moran's I to examine whether there existed a spatial autocorrelation as another angle to understand the spatial transmission of dengue. GeoDa software package, an exploratory spatial data analysis tool, was used 
Conclusions
The growing community of social media users are contributing an enormous volume of data to platforms such as Twitter and Weibo, reflecting their feelings and opinions on real-world events [34] [35] [36] [37] [38] [39] [40] [41] . Due to the popularity of location-based mobile devices, such data also contains spatiotemporal footprints, which may be used to monitor human activity and information diffusion in real time [42, 43] . Therefore, location-based social media provides novel methods to study large-scale events such as the outbreak of epidemic diseases in the domain of public health. This paper uses Weibo to study the spatiotemporal evolution of a dengue disease outbreak in China in 2014. Our findings suggest that the discussion of dengue disease on China's major social media platform strongly correlated with the outbreak of the disease in both the spatial and temporal dimensions. In addition, we applied the Kalman filter method to decrease the noise and confirmed this finding.
The spatial analysis of dengue-related topics from Weibo posts shows that there exists a strong degree of spatial correlation of the discussions of dengue fever in cyberspace with the real-world epidemic dengue activity. Furthermore, there are local spatial hotspots of people's attention on dengue fever in the social media, with a distance decay effect.
The temporal analysis shows that due to external factors such as the impact from official mass media, there is a synchronization of daily discussion frequencies on the social media website with the real world disease outbreak rhythm. Last but not least, our data collection used both the Weibo API and a crawler in order to address the daily access restrictions and limitations of the searching capabilities of public Stream API.
There are some limitations associated with this research. First of all, social media are very sensitive to the impact from mass media. How to better quantify the noise caused by mass media needs further investigation. In addition, the demographics of social media users are different from those in the real world, and such difference varies across space, which might affect the effectiveness of policy implications derived from this study. Furthermore, fewer than 10% of the posts are geotagged. Hence, how to better address as well as reduce biases and flaws in social media data need to be further explored.
